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Utilizing Al Foundation Models for Language-Driven
Zero-Shot Object Navigation Tasks

EE R R L
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Abstract: In this paper, we propose an agent model for Language-Driven Zero-Shot Object Navigation
(L-ZSON) tasks, which takes in a freeform language description of an unseen target object and
navigates to find out the target object in an inexperienced environment. In general, an L-ZSON agent
should able to visually ground the target object by understanding the freeform language description
of it and recognizing the corresponding visual object in camera images. Moreover, the L-ZSON
agent should be also able to build a rich spatial context map over the unknown environment and
decide efficient exploration actions based on the map until the target object is present in the field of
view. To address these challenging issues, we proposes AML (Agent Model for L-ZSON), a novel
L-ZSON agent model to make effective use of Al foundation models such as Large Language Model
(LLM) and Vision-Language model (VLM). In order to tackle the visual grounding issue of the
target object description, our agent model employs GLEE, a VLM pretrained for locating and
identifying arbitrary objects in images and videos in the open world scenario. To meet the
exploration policy issue, the proposed agent model leverages the commonsense knowledge of LLM
to make sequential navigational decisions. By conducting various quantitative and qualitative
experiments with RoboTHOR, the 3D simulation platform and PASTURE, the L-ZSON benchmark
dataset, we show the superior performance of the proposed agent model.

Keywords: Language-driven Zero-shot Object Goal Navigation, Goal Grounding, Spatial Context
Mapping, LLM Prompting, Exploratory Action Decision
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[Fig. 1] Issues of designing L-ZSON agent model
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[Table 1] Goal object categories based on description types

Description Type Goal Objects
(1) Appearance, AlarmClock, Apple, BaseballBat, BasketBall,
(2) Spatial, Bowl, GarbageCan, HousePlant, Laptop,
(3) Hidden Mug, SprayBottle, Television, Vase

GingerbreadHouse, EspressoMachine, Crate,
ElectricGuitar, RiceCooker,
LlamaWickerBasket, Whiteboard, Surfboard,
Tricycle, GraphicsCard, Mate, ToyAirplane

(4) Uncommon

time-step)& 2742 A9 5 HE z}?; 43 475
Ajto] B A
2 1) 52 RARIT o|2ig —5%2 thg 471 oz
uEth (1) @)% ArH(Appearance description)2 ¢ {51ze},
{color}, {material} {object}’ FE|E ZH EH9] A& &4
ol tisl AR (2) 572 (Spatial description)= ¢ {object} on
top of {x}, near {y}, {z}, .. %] BHE ZH EA FHAHE &
ASTe) 374 TAS At (3) $AN BA A (Hidden
description)2 “{object} under/in {x}”2] FE| 2 7}L o} =
ol AR HolA] ghi= E3 Ao sl HARH:. (4) £t
A] k-2 EA4| AdH(Uncommon description) 7|2 Wl X|@}=3 ¢
olg Fgof 5451A] Y= “Cooker”, “Espresso machine” 5
127]9] M2& E3 &4 HFE A3tk ZF f-3004 o
A= 12719 =2 =3 B4 "= [Table 1]2} 2t

T3 () YA, 3 AE, Q) AN EA 4E 738
oMM E3 A4 HFvieh & sk 7] A (instance) T EA St
£ 7| (normal) 737}, FY HFAT AIAAH 0 & SLEE =
1}sf| 7HA| (hindrance instance) 7} 5271 ¥l &(distractor) 2+

ol 255 vt

it sentence(g) =23

E 29 74

2 =2 AlZk-Qdof HE(VLM), thti ¢lo] =
AP E5E A8 A5 714 ZE(AL foundation
model) 52 &-23}0] L-ZSON 2] & 53451= A 22 ofo| A
E 11l AML (Agent Model for L-ZSON)Z A|Qtstc}, Aot =
g AML2 [Fig. 219} 2o, (1) G4 Q14] ZE(Visual Recog-
nition, VR) (2) W2+ X &= A4 T-E(Context Map Generation,
CMG), (3) W} 7|9kt = lo] el LEIE B (Con-
text-based LLM Prompting, CLP), (4) 254 %5 24 BE
(Probabilistic Action Decision, PAD)C & LA EIT}.
G4 AA(VR) B2 AR 49 o] HAL sentence(g)
2 Foi3 B3 BA g5 AAIZHRGB G4 /0] A Al E
+ 53 24 J12Y(goal grounding) I3} A9 B2
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Goal Description
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[Table 2] Performance comparison with different goal grounding methods
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[Table 3] Performance comparison with different spatial context maps

SR(%) / SPL(%) on PASTURE

Uncommon Spatial

Appearance Hidden

Spatial Context Map

normal normal distract normal distract normal distract

SR | SPL | SR | SPL | SR

SPL | SR | SPL | SR | SPL | SR | SPL SR SPL

occupancy map'! 30.83 | 16.40 [31.11]16.44|20.52

13.31(30.38|16.32|21.11 | 12.87| 3.61 | 1.33 | 3.05 | 1.43

semantic object map®! 32.50 | 23.50 [30.27|16.86|20.27

12.67|31.66|20.27|20.55|12.03| 5.14 | 2.06 | 2.50 | 1.08

semantic context map 34.44 | 24.62 |34.38|25.92|27.50

17.38 (33.32125.02 {28.97 [17.59 | 1.83 | 0.99 | 2.22 | 0.98
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[Table 4] Performance comparison with different LLM prompting methods
. SR(%) / SPL(%) on PASTURE
LLM Prompting Method - 3
Uncommon Spatial Appearance Hidden
Prompt normal normal distract normal distract normal distract
LLM Input Context
Type SR | SPL | SR | SPL | SR | SPL | SR | SPL | SR | SPL | SR | SPL | SR | SPL
- object & room label | 29.70 | 21.41 | 30.12 | 15.18 | 18.00 | 11.98 | 27.94 | 16.90 | 23.33 | 14.58 | 1.17 | 0.78 | 1.48 | 0.44
single
¢ spatial relation 30.12 {1 22.39 | 30.94 | 17.33 | 19.42 | 12.25 | 27.22 | 14.16 | 24.79 | 15.69 | 1.26 | 0.86 | 2.17 | 0.93
ha object & room label | 32.50 | 23.50 | 30.32 | 15.16 | 20.27 | 12.67 | 31.66 | 20.27 | 23.55 | 15.03 | 1.45 | 0.93 | 1.96 | 0.79
chain
spatial relation | 34.44 | 24.62 | 31.11 | 16.44 | 27.50 | 17.38 | 33.32 | 25.02 | 28.97 | 17.59 | 1.83 | 0.99 | 2.22 | 0.98
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[Table 5] Comparison with other SOTA agent models
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SR(%) / SPL(%) on PASTURE
Uncommon Spatial Appearance Hidden
Agent Model ; B .
normal normal distract normal distract normal distract
SR | SPL | SR | SPL | SR | SPL | SR | SPL | SR | SPL | SR | SPL | SR | SPL
Cow" 3139 [ 1998 | 17.22 | 9.63 | 1528 | 9.24 | 28.06 | 1547 | 18.33 | 11.62 | 19.17 | 11.89 | 15.83 | 10.22
LGX" 16.9 | 12.1 |24.17 | 1534 | 25.55 | 15.98 | 24.17 | 17.68 | 24.72 [ 16.78 | 5.83 | 2.78 | 5.83 | 2.78
ESCH! 3222 { 19.54 | 30.27 | 15.82 | 20.00 | 14.54 | 30.83 | 18.90 | 19.16 | 13.31 | 3.06 | 0.88 | 3.61 | 1.27
AML (Ours) 34.44 | 24.62 | 31.11 | 16.44 | 27.50 | 17.38 | 33.32 | 25.02 | 28.97 | 17.59 | 1.83 | 0.99 | 2.22 | 0.98
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